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In Brief
Spatial analysis of functional enrichment
(SAFE) is a systematic, quantitative
method for mapping local enrichment for
functional attributes in biological
networks. Using the yeast genetic
interaction network as a test case, SAFE
proved to be accurate, robust, and
predictive of new biological mechanisms,
such as resistance to the anti-cancer drug
bortezomib.
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Large-scale biological networks represent relation-
ships between genes, but our understanding of
how networks are functionally organized is limited.
Here, I describe spatial analysis of functional enrich-
ment (SAFE), a systematic method for annotating
biological networks and examining their functional
organization. SAFE visualizes the network in 2D
space and measures the continuous distribution of
functional enrichment across local neighborhoods,
producing a list of the associated functions and a
map of their relative positioning. I applied SAFE
to annotate the Saccharomyces cerevisiae genetic
interaction similarity network and protein-protein
interaction network with gene ontology terms.
SAFE annotations of the genetic network matched
manually derived annotations, while taking less
than 1% of the time, and proved robust to noise
and sensitive to biological signal. Integration of ge-
netic interaction and chemical genomics data using
SAFE revealed a link between vesicle-mediate trans-
port and resistance to the anti-cancer drug bortezo-
mib. These results demonstrate the utility of SAFE for
examining biological networks and understanding
their functional organization.
INTRODUCTION
Understanding the functional organization of living cells is essen-
tial for predicting cell behavior in normal and diseased conditions
and designing effective therapeutic strategies to control it.
Budding yeast Saccharomyces cerevisiae is particularly useful
for elucidating the organization of a cellular system, owing to
the availability of extensive molecular interaction networks that
map physical, biochemical, and phenotypic relationships be-
tween nearly all genes in the genome (Gavin et al., 2006; Krogan
et al., 2006; Zhu et al., 2007; Tarassov et al., 2008; Yu et al., 2008;
Mo et al., 2009; Costanzo et al., 2010). However, functional
annotation of these networks—that is, determining which biolog-
ical functions are represented in each network, which parts of
the network these functions are associated with, and how they
are related to one another—is challenging, especially due to
the scarcity of rigorous statistical methods and reproducible
workflows.412 Cell Systems 2, 412–421, June 22, 2016 ª 2016 The Author(s). P
This is an open access article under the CC BY-NC-ND license (http://Systematic annotation of a biological network can be formu-
lated as a three step process. First, obtain a comprehensive
map of the network showing all of its nodes and their connec-
tions to one another. This map can be produced using a network
layout algorithm that embeds the network in 2D or 3D space and
positions all nodes based on their connectivity (Kobourov, 2012).
Second, gather multiple independent datasets of functional in-
formation that characterize all nodes relative to one another
based on a variety of parameters (e.g., cellular localization, tran-
scriptional response to a perturbation, and mutant phenotype).
Such functional resources are readily available in yeast, thanks
to the development of numerous genomic assays and a long his-
tory of literature curation (Botstein and Fink, 2011). Finally, imple-
ment automated statistical procedures to overlay functional data
onto the network map and identify functionally coherent regions.
Functional regions have been discovered on a case-by-case
basis (Khatri et al., 2012; Mitra et al., 2013), but no method
is currently equipped to identify them exhaustively, locate
them relative to one another, and create a functional map of
the network that is comprehensive, quantitative, and intuitive
to biologists.
In principle, some existing approaches could be repurposed to
produce such a functional map. However, these approaches
would require extensive modifications and/or additional post-
processing steps that would drastically reduce their scalability
for automation. For example, several network algorithms have
been developed to search for sets of interconnected nodes
that share a common phenotype or a consistent response
across experimental conditions (Mitra et al., 2013). Themain pur-
pose of these algorithms is to evaluate experimental datasets
and identify the most promising candidate genes supported by
network connectivity. Since the network itself is not the focus
of the analysis, but is only independent supporting evidence,
these methods cannot be directly applied for comprehensive
annotation tasks. Similarly, network clustering algorithms could
be potentially used to identify sets of densely connected nodes
that correspond to known, as well as novel, functional modules
(Newman, 2006). However, clustering disregards loosely con-
nected nodes, causing many sparse, yet functionally coherent,
network regions to remain unnoticed. In addition, clustering par-
titions the network into discrete and, in some cases, overlapping
subnetworks, which must be separately annotated and inte-
grated back together to provide a global functional view of the
network. Since rapid and reproducible integration of functional
annotations has yet to be achieved systematically, the use
of clustering algorithms for annotating biological networks
is currently impractical. More recently, several methods have
been proposed to identify gene attributes that co-cluster withinublished by Elsevier Inc.
creativecommons.org/licenses/by-nc-nd/4.0/).
a network more closely than expected by random chance (Cor-
nish and Markowetz, 2014; Menche et al., 2015). While signifi-
cant co-clustering does indicate that an attribute is strongly
associated with the network, it does not reveal in which part of
the network the association occurs and how it relates to other at-
tributes. As a result, both coverage and specificity of attribute
associations cannot be assessed and a true functional map of
the network cannot be built.
Here, to address the limitations of the existing methods, I
describe spatial analysis of functional enrichment (SAFE), an
automated procedure for annotating biological networks and
generating quantitative and intuitive functional maps. By map-
ping a function (or a phenotype) to a specific part of the network,
SAFE provides statistical evidence, as well as an intuitive visual
representation, for the positioning of the function within the
network and thus facilitates the investigation of the network
global functional organization.
RESULTS
Overview of SAFE
SAFE annotates a biological network by calculating and display-
ing local enrichment for a set of functional attributes (Figure 1;
Experimental Procedures). SAFE first generates a 2D map of
the network by applying a force-directed network layout algo-
rithm or importing a networkmap produced by a third-party soft-
ware, such as Cytoscape (Shannon et al., 2003) (Figure 1A). In a
network map, nodes are positioned based on an equilibrium
of forces that reflects network topology: e.g., connected nodes
attract each other, whereas disconnected nodes are repelled
(Kobourov, 2012).
For every node on the network map, SAFE defines a local
neighborhood, i.e., a set of nodes located within a certain dis-
tance, but not necessarily directly connected (Figure 1B). While
several distance metrics are available, the default option is the
map-weighted shortest path length (MSPL), whereby edges
are weighted according to their physical length on the map
and distance between two nodes is defined by the shortest
physical path connecting them (Figure 1B).
For every neighborhood, SAFE calculates a set of quantita-
tive scores, each corresponding to the sum of the neighbors’
values for a functional attribute (Figure 1C). Attributes may
be binary, such as annotations to gene ontology (GO) terms,
or quantitative, such as phenotypic response to a perturbation.
To estimate the significance of a neighborhood’s score for an
attribute, SAFE computes a hypergeometric p value (for binary
annotations) or an empirical p value (for quantitative annota-
tions) based on 1,000 network randomizations that preserve
network topology but reshuffle attribute assignments (Fig-
ure 1C). A log enrichment score (–log10 p, where p is the
enrichment p value, corrected for multiple testing across all at-
tributes) is then assigned to the center of the neighborhood
(Figure 1D).
The enrichment scores for any given attribute across all nodes
on the map define the attribute’s enrichment landscape (Fig-
ure 1E), which has a characteristic size (i.e., the number of
enriched neighborhoods), shape (i.e., the map area covered by
the enriched neighborhoods) and relief (i.e., the peaks and val-
leys in the enrichment). Through these properties, the enrich-ment landscape reflects the distribution of the attribute across
the map and measures the strength of its association with the
network.
To combinemultiple enrichment landscapes into a single func-
tional map of the network, SAFE pairs each attribute with a
unique color and sums the colors in each neighborhood pro-
portionally to the enrichment of their corresponding attributes
(Figure 1F). As a result, pure colors indicate regions dominated
by a single functional attribute, whereas hybrid colors repre-
sent multi-functional regions (Figure 1F). This approach pro-
duces a quantitative representation of functional enrichments
throughout the network and a comprehensive view of their
network localization.
When several attributes are closely related and map to the
same region of the network (as occurs, for example, for a GO
term and its descendants), SAFE can combine them into a single
functional domain using the similarity of their enrichment land-
scapes. To facilitate the interpretation of the resultant functional
map, all attributes within a domain are assigned the same color
and labeled by a single tag list, composed of the five most recur-
rent words among the attributes’ names.
Benchmarking SAFE on the Yeast Genetic Interaction
Similarity Network
To test the SAFE method, I applied it to annotate a yeast genetic
interaction similarity (GIS) network using GO biological process
terms as attributes and compared the results to a manual anno-
tation previously published (Costanzo et al., 2010) (Figure 2;
Experimental Procedures). A genetic interaction is a phenotypic
relationship between two genes that occurs when the phenotype
of the double mutant deviates from the expected combination of
the phenotypes of the two single mutants (Baryshnikova et al.,
2013). Genes sharing similar genetic interactions often share a
common biological function (Baryshnikova et al., 2010b) and
form a functional network that connects most genes in the yeast
genome (Costanzo et al., 2010). A high-confidence version of
this network, consisting of 2,838 nodes and 10,016 edges (Fig-
ure 2A), was annotated in its original study via a thorough, yet
mostly manual, procedure and therefore provides a good test
case for SAFE.
Using a map of the GIS network produced by the spring-
embedded network layout in Cytoscape, SAFE measured local
enrichment for 4,373 GO biological process terms, each asso-
ciated with at least one yeast gene, and revealed a great
variation in the size, shape, and relief of GO term enrichment
landscapes (Figures 2B–2D and S1A). The vast majority of
GO terms (84%) were only enriched within the neighborhoods
of ten or fewer genes, indicating that these terms were too
small or too sparsely distributed throughout the network to
be informative about its functional organization (Figure 2B).
The remaining GO terms were enriched in more than ten neigh-
borhoods, but varied in the spatial distribution of their enrich-
ments: 12% of GO terms (506 of 4,373) were region specific
as they displayed a single peak of enrichment in a single region
of the network (Figure 2C), whereas 4% of GO terms (174 of
4,373) were multi-regional with two or more peaks in different
network regions (Figure 2D). The presence of multiple peaks
suggested that each multi-regional term was comprised of
several subgroups of genes that localize separately in theCell Systems 2, 412–421, June 22, 2016 413
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Figure 1. SAFE
The source code and a standalone application are provided as http://dx.doi.org/10.17632/wdxwy8gmrz.1.
(A) Given a biological network, as an edge list or an adjacency matrix, SAFE generates a 2D map of the network by applying a force-directed network layout
algorithm. Alternatively, SAFE can import a network map directly from the network visualization software Cytoscape (Shannon et al., 2003).
(B) For each node X on the network map, SAFE defines the local neighborhood of X by identifying all other nodes (A-H) located closer than a maximum distance
threshold. By default, node distance is measured using the map-weighted shortest path length (MSPL); however, other distance measures are also available.
(C) For each neighborhood, SAFE sums the neighbors’ values for a functional attribute of interest, compares the result to random expectation, and computes a
significance p value.
(D) The p value, corrected for multiple testing across all attributes, is log-transformed into a neighborhood enrichment score and assigned to node X.
(E) The neighborhood enrichment scores for any given attribute across all nodes in the network define the attribute’s enrichment landscape. Color intensity
represents variation in enrichment scores.
(F) Attributes are assigned unique colors and summed proportionally to their relative enrichment within each neighborhood. As a result, pure colors indicate
regions with a single predominant function, whereas hybrid colors correspond to multi-functional regions. Enrichment scores, color assignments, and node-
attribute associations are provided as text output.network and thus may be functionally distinct. Notably, each
subgroup appeared to be well covered by at least one re-
gion-specific landscape, suggesting that region-specific GO414 Cell Systems 2, 412–421, June 22, 2016terms were sufficient to annotate the entire network. As a
result, sparse and multi-regional terms were excluded from
further analysis (Discussion).
AE
G H I
F
B C D
Figure 2. SAFE Annotation and Benchmarking of the Yeast GIS Network with GO Biological Process Terms
(A) A map of the network, containing 2,838 nodes and 10,016 edges, was originally constructed in Costanzo et al. (2010). Two genes (nodes) were connected if
their genetic interaction profiles showed a Pearson correlation coefficient (R) greater than 0.2. Nodes were organized in 2D space by applying the spring-
embedded layout algorithm in Cytoscape.
(B–D) SAFE annotation of the network with 4,373 GO biological process terms showed that different GO terms have different types of enrichment landscapes.
Default SAFE parameters were applied. (B) Most GO terms (84%), including ‘‘anion transport’’ (GO: 0006820), were poorly enriched in the network. (C) 12%of GO
terms, including ‘‘ER to Golgi vesicle-mediated transport’’ (GO: 0006888), showed a region-specific enrichment landscape. (D) 4% of GO terms, including
‘‘establishment of localization in cell’’ (GO: 0051649), showed multi-regional enrichment landscapes.
(legend continued on next page)
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Since many of the 506 region-specific GO terms mapped to
the same network region, their contributions toward annotating
the network were partially redundant. To minimize redundancy
and simplify the annotation process, SAFE grouped the terms
into functional domains based on the similarity of their enrich-
ment landscapes. The resultant 19 domains, represented by
different colors and labeled with tag lists, formed a comprehen-
sive, systematic, and quantitative GO-based functional annota-
tion map of the GIS network (Figure 2E; Data S1).
The functional map, produced by SAFE, was highly consistent
with themanual annotation, carried out in (Costanzo et al., 2010).
Specifically, SAFE identified all of the manually annotated re-
gions (p values < 2 3 104, Fisher’s exact test) and associated
themwith GO terms that matched their manually assigned labels
(Figure S1B). Notably, SAFE also recognized three previously un-
annotated network regions that were missed, likely because of
their reduced size and specific localization (Figures 2E and S1B).
Analysis of Robustness
Next, I sought to assess the robustness of SAFE to variations in
distance metrics, neighborhood size, network layout, and noise
in annotations. In annotating the GIS network, SAFE used default
parameters and assumed that (1) the map-weighted shortest
path length (MSPL) is a reliable measure of node distance, (2)
only nodes within a certain distance are part of a neighborhood,
and (3) neighborhoods remain unchanged across multiple runs
of the spring-embedded network layout algorithm, which, due
to an initial randomization step, is non-deterministic.
To validate the first assumption, I tested how much neighbor-
hood enrichment would change if node distances were defined
by a map-independent metric, such as, for example, the correla-
tion-weighted shortest path length (CSPL). In CSPL, each edge
is weighted by 1–R, where R is the correlation of the genetic
interaction profiles of the two connected genes and a value
that has not been used in constructing the map (Figure S2A;
Experimental Procedures). Systematic comparison of the
enrichment landscapes produced by MSPL and CSPL showed
that their median similarity is r = 0.70 (Spearman’s rank correla-
tion; Figure 2F). This indicates that, regardless of the distance
metric, most neighborhoods remain enriched for the same GO
terms to a similar degree and, thus, MSPL is reliable at esti-
mating node distances.
By default, only nodes whose distance is in the lowest 0.5th
percentile of all network distances are in each other’s neighbor-
hoods. I tested howmuch this assumption affects neighborhood
enrichment by examining a wide range of distance thresholds.
I found that increasing or decreasing the default threshold up
to 2-fold produces highly similar enrichment landscapes (median
r = 0.78 and r = 0.81, respectively; Figure 2G) and has a limited(E) SAFE constructed a functional map of the network by combining all region-sp
enrichment landscapes. Different colors represent different functional domains.
most frequently within the names of the associated GO terms. The complete list
(F–I) Comparative analysis of GO term enrichment landscapes across several var
enriched neighborhoods were considered. (F) Distribution of Spearman’s rank co
CSPL distance metrics. (G) Distribution (median, first to third quartiles ± 1.53 ran
landscapes across a range of maximum distance thresholds. (H) Distribution o
different network maps. (I) Average Spearman’s rank correlations between enric
false-positive (red) annotations. Each alteration was performed 1,000 times. Erro
See also Figures S1 and S2.
416 Cell Systems 2, 412–421, June 22, 2016impact on the set of enriched GO terms (Figure S2B). This indi-
cates that neighborhood enrichment is fairly insensitive to neigh-
borhood size, and the choice of a distance threshold within a
2-fold range is not critical.
Finally, I assessed the robustness of neighborhood enrich-
ment to the non-deterministic nature of the spring-embedded
layout algorithm, which moves all nodes to new equilibrium po-
sitions at every run (Experimental Procedures). By repeatedly
applying the layout and comparing the enrichment landscapes
of the resultant network maps, I found that, on average, the
enrichment landscapes of any two independent maps were
highly similar (median across all GO terms r = 0.82; Figures 2H
and S2C–S2E). This indicates that, despite differences in abso-
lute node positions across layout runs, the neighborhoods
remain largely unchanged. To eliminate the residual variability
and ensure complete reproducibility, SAFE can be set to control
the randomization step of the layout algorithm and produce iden-
tical node positions at every run (Experimental Procedures).
The accuracy of network annotation may also depend on the
quality of the functional annotation standard. To test the robust-
ness of SAFE to annotation noise, I systematically altered all
GO biological process terms by randomly introducing varying
amounts of false-positive or false-negative annotations and
compared the resultant enrichment landscapes to their error-
free versions (Figure 2I). I found that a false-negative rate (FNR)
as high as 20% failed to affect nearly any of the enrichment land-
scapes (median r = 0.95), whereas a false-positive rate (FPR) as
low as 1% had a much larger impact (median r = 0.78). Impor-
tantly, while both false-positive and false-negative annotations
decreased the number of GO terms enriched within the neigh-
borhoods of at least ten genes (by 20% and 27% at FNR =
20% and FPR = 1%, respectively), neither type of error gave
rise to new, previously unobserved GO term enrichments (Fig-
ures S2F and S2G).
SAFE Facilitates the Integration of Functional Datasets
Because of the inherent biases and limitations of all functional
standards, annotating a network with a single type of biological
information, such as GO, is unlikely to provide a full picture of
the network’s functional organization. A more valid strategy is
to use multiple independent sources of functional data and
apply them iteratively to annotate the same network. Such an
approach would not only provide a more realistic description
of the network but could also reveal unexpected relationships
between data types.
In yeast, chemical genomics provides a rich source of func-
tional information (Ho et al., 2011). In a chemical genomic screen,
a genome-wide collection of yeast mutants is grown in the pres-
ence of a chemical compound, and the relative fitness of eachecific GO terms into 19 functional domains (a-s) based on the similarity of their
Each domain is labeled with a tag list, composed of the five words that occur
of GO terms is reported in Data S1.
iations in input data and settings. In all cases, only landscapes with at least ten
rrelations between enrichment landscapes computed using the MSPL and the
ge between the quartiles) of Spearman’s rank correlations between enrichment
f Spearman’s rank correlations between enrichment landscapes across ten
hment landscapes before and after the introduction of false-negative (blue) or
r bars represent standard deviations of 1,000 medians.
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Figure 3. SAFE Annotation of the Yeast GIS Network with Chemical Genomic Data
For reference, the outlines of the 19 GO-based functional domains (Figure 2E) are shown.
(A) Fitness enrichment landscape of doxorubicin, an inhibitor of DNA replication.
(B) Fitness enrichment landscape of verrucarin A, an inhibitor of protein synthesis and mitochondrial function.
(C) Fitness enrichment landscape of bortezomib, a proteasome inhibitor.
(D) Genetic interaction enrichment landscape of rpt4-145, a temperature-sensitive allele of an essential proteasome subunit.
See also Figure S3.mutant ismeasuredwith respect to an untreated control (Giaever
et al., 2002). Identifying mutants that are particularly resistant or
sensitive to a given compound is instrumental for mapping path-
ways that mediate the compound’s toxicity or are required to
protect the cell against its detrimental effects (Ho et al., 2011).
I hypothesized that SAFE could assist the identification of these
pathways by annotating the GIS network with chemical genomic
data and identifying functional network regions enriched for
sensitivity or resistance to chemicals.
To test this hypothesis, I used a recent chemical genomics da-
taset that measured quantitative fitness scores for 5,000 yeast
homozygous deletion mutants upon exposure to 132 chemicalcompounds with known modes of action (Hoepfner et al.,
2014). Using these data, SAFE generated 132 compound-
specific fitness enrichment landscapes that mapped the relative
distribution of sensitive and resistant mutants throughout the
GIS network (Figures 3A–3C).
The analysis of the fitness enrichment landscapes in the
context of the GO biological process map showed that the land-
scapes are highly consistent with our current knowledge about
the compounds’ modes of action (Figures S3A and S3B; Data
S1). For example, mutants sensitive to doxorubicin, a DNA inter-
calator that prevents DNA replication by blocking the progres-
sion of topoisomerase II (Tacar et al., 2013), were specificallyCell Systems 2, 412–421, June 22, 2016 417
enriched in the network region associated with DNA replication
and repair GO terms (Figure 3A). Similarly, regions enriched
for ribosome- and mitochondria-related GO terms were also
overrepresented for mutants sensitive to verrucarin A, a protein
synthesis inhibitor (Herna´ndez and Cannon, 1982) with reported
toxicity toward mitochondria (Schappert and Khachatourians,
1986) (Figure 3B).
Case Study: SAFE Reveals a Mechanism of Resistance
to Bortezomib
In addition to known compound modes of action, SAFE can also
uncover new response patterns. An example is the fitness
enrichment landscape of bortezomib, a proteasome inhibitor
approved for treating multiple myeloma and mantle cell lym-
phoma and undergoing clinical trials for several other types of
cancer (Chen et al., 2011) (Figure 3C). SAFE analysis showed
that, in yeast, sensitivity to bortezomib was specifically overrep-
resented in network regions associated with proteasome-medi-
ated protein degradation, cell-cycle control, and transcriptional
regulation (Figure 3C). These results are consistent with observa-
tions in human cells suggesting that bortezomib indirectly pro-
motes programmed cell death by preventing the degradation
of pro-apoptotic factors (Chen et al., 2011) and is synergistic
with histone deacetylase inhibitors (Yu et al., 2003), which regu-
late transcription.
Notably, however, SAFE also showed that resistance to borte-
zomib was strongly linked to the network region enriched for se-
cretion and vesicle-mediated transport GO terms (Figure 3C).
Although several reports have suggested that proteasome inacti-
vation may cause endoplasmic reticulum (ER) stress, due to an
accumulation of misfolded proteins in the ER (Lee et al., 2003;
Obeng et al., 2006), it has not been anticipated that loss-of-func-
tion mutations in ER- or other vesicle-related functions could
alleviate this or other proteasome-related stresses. A direct exam-
ination of bortezomib’s fitness data confirmedSAFE’s enrichment
analysis: the four mutant strains with the highest resistance to the
drug carried complete or partial deletions inYTP6,RIC1, orRGP1,
genes regulating the formation, motility, and fusion of vesicles
traveling to and from the Golgi compartment (Siniossoglou et al.,
2000). In addition, several other proteins involved in Golgi-related
transport were among the top 15 most resistant mutants.
The statistical significance of this finding was also supported
by a network-independent gene set enrichment analysis
(GSEA) of bortezomib’s fitness data. GSEA determines whether
members of a functional group tend to occur at the top or at the
bottom of a ranked gene list and measures the probability of
such distribution to arise by random chance (Subramanian
et al., 2005). By applying GSEA to the ranked list of bortezomib’s
fitness scores and all 4,373 GO biological process terms,
I confirmed that processes such as ‘‘intra-Golgi vesicle-medi-
ated transport’’ (GO: 0006891) and ‘‘cytoplasm to vacuole
targeting (CVT) pathway’’ (GO: 0032258) are significantly associ-
ated with the most highly resistant mutants (p < 0.001 and
p = 0.001, respectively; FDR < 0.05; Data S2). Compared to
the results produced by SAFE, however, the primacy of these
pathways in resisting bortezomib was much less apparent in
the GSEA results: the majority (58%) of the 48 significant GO
terms detected by GSEA involved ion homeostasis, regulation
of intracellular pH, and other distantly related functions associ-418 Cell Systems 2, 412–421, June 22, 2016ated with only moderately resistant mutants (Data S2). Such a
discrepancy suggests that, by leveraging network topology,
SAFE can detect functional signals not readily apparent in
network-independent analyses.
To further validate the connection between vesicle-mediate
transport and resistance to bortezomib, I asked whether, simi-
larly to other drugs (Parsons et al., 2004; Costanzo et al.,
2010), the effect of bortezomib could bemimicked by the genetic
inactivation of its molecular target, i.e., the proteasome. Specif-
ically, I hypothesized that mutations providing a relative growth
advantage in the presence of bortezomib should also display a
relatively high fitness when combined with proteasome mutants
and should therefore result in positive genetic interactions.
To test this hypothesis, I obtained quantitative negative and
positive genetic interactions for members of the core and the
regulatory particles of the yeast proteasome (Experimental Pro-
cedures; Data S2) and used them to annotate the GIS network
with SAFE. For every gene encoding a proteasomal subunit,
SAFE calculated a genetic interaction enrichment landscape
that mapped local enrichment for the gene’s negative and posi-
tive interactors throughout the network (Figure 3D). I found that
at least 7 of the 13 tested subunits of the proteasome regulatory
particle were significantly enriched for positive genetic inter-
actions in the vesicle transport region (Figure S3C). In particular,
rpt4-145, a temperature-sensitive mutant in an essential ATPase
of the proteasome regulatory particle that preferentially contrib-
utes to ER-associated protein degradation (ERAD) (Lipson et al.,
2008), showed a genetic interaction enrichment landscape
remarkably similar to bortezomib’s fitness enrichment land-
scape (Figure 3D). It is important to note that a direct comparison
between the fitness profiles of rpt4-145 and bortezomib would
also have revealed their similarity (r = 0.22, p < 1031); however,
determining what drives this similarity, i.e., specifically which
positive and negative interactions are common to both profiles,
could not have been accomplished by correlation analysis alone.
These findings support the hypothesis that mutations in secre-
tory functions may partially compensate for proteasome inac-
tivity and alleviate the damaging effects of bortezomib treatment,
although the precise mechanisms of this alleviation are still un-
known. Considering that resistance to bortezomib is a common
complication in treating multiple myeloma and other cancers
(Murray et al., 2014), understanding its molecular mechanisms
is critical for designing effective drug combinations and person-
alized therapies. The identification of secretory pathways as a
potential focus of these new therapies illustrates the power of
SAFE to uncover novel biological responses through compre-
hensive annotation of biological networks with multiple indepen-
dent functional standards.
Annotation of More Complex Networks, Including
Protein-Protein Interactions
Compared to other biological networks, the GIS network is rela-
tively sparse and modular (Figure 2A) and thus may be particu-
larly amenable to annotation. To assess whether SAFE can
also annotate more complex networks, I first tested whether it
can detect functional enrichment in a denser version of the GIS
network, obtained by decreasing the minimum GIS threshold
required for connectivity (Figure S4A; Experimental Procedures).
Annotation of a GIS network with 40%–240% more edges than
A B
Figure 4. SAFE Annotation of the Yeast Protein-Protein Interaction Network
(A) A protein-protein interaction network was constructed by connecting all yeast protein pairs that share a physical interaction type in the BioGRID database.
A map of the network was generated by applying the spring-embedded layout algorithm in Cytoscape.
(B) The map was annotated with SAFE using 4,373 GO biological process terms. All region-specific GO terms were combined into 21 functional domains (a-u)
based on the similarity of their enrichment landscapes. Different colors represent different functional domains. Each domain is labeledwith a tag list, composed of
the five words that occur most frequently within the names of the associated GO terms.
See also Figure S4.the original produced similar GO term enrichment landscapes
(median r = 0.61–0.75; Figures S4A and S4B), suggesting that
SAFE is sensitive to coherent functional structure, regardless
of network density.
It is also possible that more complex biological networks do
not have a functional structure as prominent as GIS and thus
are more difficult to annotate. Therefore, I examined the exten-
sive protein-protein interaction network that maps 78,406 phys-
ical binding events among 5,699 yeast proteins (Experimental
Procedures). While protein-protein interactions are known to
preferentially connect members of the same protein complex
and other functionally related proteins (Cusick et al., 2005), the
map of the network showed no visible topological structure on
a global scale (Figure 4A). However, SAFE revealed 21 large
functional domains in the network, and each domain was asso-
ciated with a distinctive GO term enrichment landscape and a
unique list of enriched GO terms (Figure 4B; Data S3). The resul-
tant functional map strongly suggests that physical binding, just
like GIS, assembles proteins into large functional communities
that extend beyond protein complexes andmolecular pathways.
The relative network positioning of these communities, along-
side their GIS counterparts, may provide new insight into the
global functional organization of the yeast cell.
DISCUSSION
Here, I describe the development, validation, and application of
SAFE, an automated method for annotating biological networks
and examining their functional organization. Given a network and
a visual map of its connectivity, SAFE localizes all network re-
gions enriched for one or more functional attributes, such as
GO terms or quantitative phenotypes. In doing so, SAFE answers
three fundamental questions. First, are any regions of thisnetwork specifically associated with a given function or pheno-
type? Second, where in the network are these regions localized?
And third, how does their localization compare to that of other
functions or phenotypes? By answering these questions, SAFE
builds a functional map of the network and enables the investiga-
tion of inter-process relationships within the cell.
Through the power of visualization, SAFE could also be used to
improve our understanding of functional standards. For example,
SAFE annotation of the GIS network with GO biological process
termsshowedthatsomeGOtermsareenriched inasinglenetwork
region, whereas others are multi-regional (Figures 2B–2D).
Although multi-regional GO terms tended to be generally larger
than region-specific terms (p value = 1049, rank-sum test), their
size distributions were largely overlapping (Figure S1C), suggest-
ing that term size is not solely responsible for landscape differ-
ences. An interesting possibility is that region-specific GO terms
share a similar level of functional specificity, which is defined by
the topology of the GIS network. If that is the case, these terms
could be used to delineate a cross-section of the GO hierarchy
and create a flat subset of GO annotations, analogous to GO
slim (Ashburner et al., 2000; http://geneontology.org/page/
go-slim-and-subset-guide). Flat annotation resources are instru-
mental in genomics, thanks to their smaller size and lower redun-
dancy (Myers et al., 2006; Costanzo et al., 2010). SAFE may
offer the possibility to generate data-driven network-specific
flat annotation standards that would enable more targeted func-
tional analyses and simplify their interpretation.
The interpretation of SAFE functional maps would greatly
benefit from a better understanding of network layout
algorithms. Data-driven network layouts, such as spring em-
bedding (http://wiki.cytoscape.org/Cytoscape_3/UserManual -
Cytoscape_3.2BAC8-UserManual.2BAC8-Navigation_Layout.
Automatic_Layout_Algorithms), are unsupervised methods forCell Systems 2, 412–421, June 22, 2016 419
organizing nodes based on their connectivity and are de facto
multi-dimensionality reduction procedures. In its default setup,
SAFE relies on layouts to identify local neighborhoods and
map their functional enrichment. However, very little is known
about how a particular layout should be chosen. Despite their
great potential for uncovering hidden patterns within the data,
layouts are typically used to generate esthetically pleasing
network visualizations and are rarely the basis of any systematic
network analysis. As a result, we have limited experience in eval-
uating network layouts and a poor understanding of their relative
performance in the context of different networks. SAFE may be
useful for quantitatively evaluating alternative layouts for the
same network using a common set of functional attributes.
Ideally, such analyses could identify optimal layouts for every
network type and establish common ground for comparing
networks.
Quantitative comparison of biological networks is a major goal
of systems biology (Sharan and Ideker, 2006). A deep under-
standing of how genes, pathways, and processes are connected
across different network types will aid in developing successful
strategies for integrating networks into a single comprehensive
model of a living cell. By mapping enrichment for the same func-
tional attributes in different networks (Figures 2 and 4), SAFE can
make an important contribution to this goal. However, rigorous
statistical approaches must be implemented to compare SAFE
maps across networks and draw meaningful conclusions about
their differences and similarities.
In summary, SAFE provides a global perspective into the
functional organization of a network by mapping statistical
associations between functional groups and network regions.
In contrast to most other methods for network analysis, which
extract network regions and analyze them individually, SAFE
shows that network layouts, coupled with robust enrichment
analysis, are a valid strategy for studying intact molecular net-
works and gaining insight into the biological systems they
represent.
EXPERIMENTAL PROCEDURES
SAFE is available at https://bitbucket.org/abarysh/safe and at http://dx.doi.
org/10.17632/wdxwy8gmrz.1 (Baryshnikova, 2016), both as MATLAB code
and a Mac OS X application that does not require MATLAB. Users are strongly
encouraged to subscribe to the Bitbucket repository to receive notifications
about code updates and bug fixes.
A step-by-step description of the algorithm, including key inputs and out-
puts, is provided in the Supplemental Experimental Procedures. Instructions
for installation and several usage examples are provided in the README file
of the Bitbucket repository.
Annotation of the Yeast GIS Network
The yeast genetic interaction similarity (GIS) network was constructed as
described in Costanzo et al., (2010). Briefly, similarity of genetic interaction
profiles for all pairs of 1,712 query genes and all pairs of 3,885 array genes
were computed using Pearson correlation coefficients (R). Correlation
values for gene pairs tested both as queries and as arrays were averaged.
Gene pairs with similarities greater than R = 0.2 were connected in a
network and visualized using the edge-weighted spring-embedded layout
in Cytoscape (v.2.8) (Shannon et al., 2003), which implements the Ka-
mada-Kawai force-directed algorithm (Kamada and Kawai, 1989). This
algorithm positions each node based on the balance of attractive and
repulsive forces exerted, respectively, by nodes connected and discon-
nected from it. Since the initial node positions are seeded randomly, the420 Cell Systems 2, 412–421, June 22, 2016layout is non-deterministic and converges on different final positions at
every run. Despite choosing the edge-weighted version of the algorithm,
it was later discovered that a bug in Cytoscape (v.2.8) caused edge
weights to be ignored. Thus, running the edge-weighted layout algorithm
was equivalent to binarizing the network at the r = 0.2 threshold and
running the unweighted version of the algorithm. The bug was fixed in
Cytoscape (v.3.0).
The gene ontology (GO) biological process data and the yeast gene associ-
ation files were downloaded from http://geneontology.org/ on August 19, 2014
(Ashburner et al., 2000). Annotations were propagated from child to parent
terms, such that a gene was associated with a GO term if it was directly anno-
tated to the term or any of its descendants.
The chemical genomics dataset was downloaded from the Dryad digital re-
pository (Hoepfner et al., 2013) on December 3, 2013. Only homozygous
profiling (HOP) data for 132 chemical compounds with knownmodes of action,
as listed in the Table S1 of (Hoepfner et al., 2014), were used.
The quantitative genetic interaction data involving 13 members of the
proteasome regulatory subunit were obtained and processed as described
previously (Baryshnikova et al., 2010a, 2010b). Specifically, the laboratories
of Charles Boone and Brenda Andrews (University of Toronto) conducted
genome-wide synthetic genetic array (SGA) experiments to construct double
mutants involving a deletion or a temperature-sensitive allele of a proteasome
member (RPN1, RPN5, RPN6, RPN7, RPN10, RPN11, RPN12, RPT1, RPT2,
RPT3, RPT4, RPT6, and SEM1) and the deletion mutants of all non-essential
genes in the yeast genome. Quantitative double mutant fitness values were
measured using colony size and compared to the fitness values of the two
corresponding single mutants to produce a genetic interaction score that
quantifies negative and positive deviations of the observed double mutant
fitness from the expected combination of the two singles. The genetic interac-
tion scores for these 13 SGA screens are available as Data S2.
Annotation of the Yeast Protein-Protein Interaction Network
A complete set of yeast protein-protein interactions was downloaded from
BioGRID on April 26, 2015. The dataset was filtered to include only ‘‘physical’’
interaction types and exclude ‘‘biochemical activity’’ and ‘‘protein-RNA’’ ex-
periments. The network was visualized using the spring-embedded layout in
Cytoscape (v.3.2) (Shannon et al., 2003).
Source Data
The (1) SAFE source code implemented in MATLAB and sample data files
and (2) the SAFE.app version 1.3 and sample data files that enable to run
SAFE without MATLAB have been published in Mendeley Data and are avail-
able at http://dx.doi.org/10.17632/wdxwy8gmrz.1. Visit https://bitbucket.org/
abarysh/safe for more information and updates.
SUPPLEMENTAL INFORMATION
Supplemental Information includes Supplemental Experimental Procedures,
four figures, and three data files and can be found with this article online at
http://dx.doi.org/10.1016/j.cels.2016.04.014.
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